The study analyzed infant mortality and its risk factors in South Africa. It aimed to examine infant mortality in the country by taking into account the hierarchical nature of the problem and investigate the with-in country variation in modeling. In addition to the usual individual level risk factors of infant mortality, living standard, mother's education, and income inequality were defined at municipal level, while HIV prevalence was fixed at province level. A multilevel logistic regression model was then fitted with Bayesian MCMC parameter estimation procedure using the 2011 South African census data. Most of the demographic and socioeconomic variables identified at individual level were found significant. More remarkably, the result indicated that communities with better living standard and women's education were associated with lower infant mortality rates, while higher income inequality and HIV prevalence in the communities were associated higher levels of infant mortality. The changes in infants' odds of death were estimated to be 26%, -21%, 13% and 8% respectively for HIV, women's education, income inequality and level of the living standard. In addition, unobservable municipal and province level random effects significantly affected the level of infant mortality rates.
Introduction
Infant mortality rate is an important indicator of health and development. Biologically, infants have much weaker immune systems than adults and are therefore far more vulnerable to environmental or social complications (Caldwell, 1996) . In addition, they are unable to care for themselves and are hence completely dependent on others. As a result, children are generally the group first and most strongly affected by poor living standards. Likewise, advances in health or social conditions are often first observed in improvements in infant or child mortality (Omran, 1971) . Studies on infant mortality have accumulated a huge list of determinants or associates, including individualand community-level factors such as maternal age, race, income, sanitation, water source, electricity, urban/rural residence, region of residence, household composition, occupation, female education, access to health care, and so forth (Caldwell, 1979; Hobcraft, McDonald and Rutstein, 1985; Kembo and Ginneken, 2009; Omariba, Beaujot and Rajulton, 2007; Victora, Wagstaff, Schellenberg et al., 2003; Wang, 2003) .
Within-country variation in child mortality has been well documented, with rates often varying substantially across different regions and social groups (Moser, Leon and Gwatkin, 2005; Mosley and Chen, 1984) . It is said that although global or national level results are vital for assisting policy makers to better prepare for the emerging health needs of populations, they constitute a less effective guide for refocusing health priorities because efforts to reduce health disparities would be more successful if they are based on evidences from lower administrative units (Heuveline, Guillot and Gwatkin, 2002) . This research, therefore, studies infant mortality at national, provincial and municipality levels to highlight concentration at lower levels of geography that in turn underscores the ineffectiveness of national level indicators for monitoring progress in health achievement.
The objective of this research is to analyze infant mortality using hierarchical model and to identify important risk factors for infant mortality in South Africa. The study uses the 2011 South African census data and all the risk factors are defined at three levels: Individual, municipal and province level. A three-level logistic regression model is fitted using data on children born twelve months before the census date where child, municipality and province are the first, second, and third levels.
Factors affecting infant mortality are investigated by fitting multilevel logistic regression models in order to quantify the impacts of socioeconomic factors, including poverty and inequality, on infant mortality. The hypothesis is that there are significant spatial variations of child mortality, which are associated with socioeconomic differentials in the country, and hence multilevel modelling helps to measure the impacts of the risk factor at different administrative levels.
Mortality of children has been explained by different theories such as the social and economic explanation, the public health explanation, and the Mosley and Chen analytical framework. Mosley et al., (1984) identified a set of proximate determinants that directly have an impact on the morbidity and mortality of children. The factors are then grouped into 5 sets: Maternal factors (age, parity and birth interval), environmental contamination (air, food/water/fingers, skin/soil/ inanimate objects, insect vectors), nutrient deficiency (calories, protein, micronutrient, vitamins and minerals), injury (accidental, intentional); the last set is personal illness control (personal preventive measures, medical treatment). It is within this framework that many studies on child mortality and its correlates have been carried out. This study also follows this framework but based on the following classification of the determinants: New-born demographics (Boco, 2010; Hill and Upchurch, 1995; Kembo and Ginneken, 2009; Mustafa and Odimegwu, 2008) , Maternal factors (Boco, 2010; Hobcraft, McDonald et al., 1985; Kabir, Islam, Ahmed et al., 2001; Kembo and Ginneken, 2009; Omariba, Beaujot et al., 2007) , socioeconomic factors (Bawah and Zuberi, 2005; Cleland, 1990; Hobcraft, 1993; Mustafa and Odimegwu, 2008; Sastry, 1996; Wagstaff, 2000) , environmental factors (Bartlett, 2005; Kabir, Islam, Ahmed et al., 2001; Kazembe, Clarke and Kandala, 2012; Kembo and Ginneken, 2009 ) and HIV/AIDS (Dorrington, Johnson, Bradshaw et al., 2006; Ng'weshemi, Urassa, Usingo et al., 2003; Wang, Liddell, Coates et al., 2014; Zaba, Marston and Floyd, 2003) . These factors are defined at individual level, which could be child, mother or household, municipal level or province level depending on the nature of the variable as well as the availability of data.
Data and Methods

Data
The study used data from the 10%-unit record of the 2011 de facto population and housing census of South Africa (StatsSA 2014). Children born within 12 months before the census date are considered for this research. The sample data, among other things, consisted of data on children's demographics,general health functioning, income, educational attainment, employment status, fertility, household characteristics and mortality variables. After removing missing, unknown and inconsistent cases, there are 86 877 (un-weighted) children with valid survival status for analysis. These children can be viewed as they are nested in a structure under the 234 municipalities and 9 provinces of South Africa. The mortality status of these children was the outcome measure of the study, and it was assumed that the rate of under-reporting of births in the past 12 months is the same as that of under-reporting of deaths in the past 12 months so that the effect on mortality estimates is negligible.
HIV prevalence rates were taken from the 2012 South African National HIV Prevalence, Incidence and Behaviour Survey conducted by the Human Science Research Council (HSRC, 2014) . More details of the survey can be found elsewhere (HSRC, 2014) 
Risk Factors Considered in the Study
The individual level risk factors considered are: sex, age and birth order of the child; age, racial group, marital status and employment status of the mother as well as the living standard of the household where the infant resides. Living standard was computed by constructing an index from different variables which are supposed to be related with the living standard (LS) of people. The LS index was constructed based on different indicators of wellbeing from the 2011 census data, specifically on those variables which measure how good the environment is for the infant to live in. Factor analysis (FA) was chosen for constructing the index (Hair, Black, Babin et al., 2010) . FA mainly involves extracting the factor(s) by partitioning the total variance in each of the variables into variances which are shared and have unique variance. The detail theory and application of FA can be found in any standard multivariate text like Hair, Black, Babin et al., (2010) . The descriptions of the variables used for constructing the index including some summary statistics of the variables are shown in Table 1 . As a measure of internal consistency of the scale, Cronbach Alpha-a known measure of reliability -is computed giving a scale reliability coefficient of 0.8597. The first factor was found to be enough to explain about 80% of the variance in the dataset and hence it was used to construct the index. The factor loadings and the coefficients of each variable used to generate the index are also given on Table 1 . For ease of understanding, the constructed index was divided into 5 quintiles which can be used as ranking the level of living standard to households. A household lying in the first quintile was categorised as to have the poorest living standard, whereas a household lying in the fifth quintile was categorised to have the best living standard.
Community level variables used in this study were: Poverty and inequality levels of the municipality; education level of the municipality and HIV-prevalence rate of the provinces. The LS index was used to determine whether the municipality was poor or not, whereas Gini-index (GI) was used to determine the level of income inequality. GI is expected to be positively correlated with infant mortality as greater inequality in income within communities reflects unequal access to healthcare, nutrition and other services which is likely to reduce the health of the poor (Waldmann, 1992; Rodgers, 2002) . GI is a number between 0 and 1, where 0 corresponds with perfect equality and 1 corresponds with perfect inequality. It is computed from a Lorenz curve (LC) which is literally a plot of the cumulative percentage of population versus the cumulative percentage of wealth/income.
All the independent variables were defined as categorical and hence, the odds ratio of death given in the last column of the tables measures the odds of the category compared to the reference group. Note that the independent variables are listed according to their level such that the variables on proportion of poor mean mothers' years of education and income inequality as measured by Gini index, are identified at municipal level, while HIV prevalence rate is at province level. All these four variables were classified into two categories: lower and higher magnitude of the respective measures. The lower and higher values dictate that the respective quantity in the area is less than and greater than the national estimate. For instance, about 49% of the children live in municipalities where the level of income poverty is higher than the national poverty head count ratio of 41%. Note also that among the child level variables, age of the child is an indicator variable showing whether the child has age of less than one month (neonatal) or not.
Multilevel Models
Multilevel analysis is a suitable approach to take into account community level contexts at different levels, like at municipal and province levels, as well as individual subjects. A three-level random intercept logistic regression model was considered where the first level is children born 12 months before the census, whereas the municipalities and provinces in which the children live are the second and third levels respectively. Let be the probability that child i living in municipality j and province k died before reaching age one. Then, the three-level random intercept logistic regression model in question with the predicator variables described above can, therefore, be expressed as
where , , and the notations of the independent variables are as given in Table 2 . The coefficients , called fixed effects, measure the impact of the corresponding predicator variable on the log of odds of death, whereas , the random intercept, measures the combination of municipal and provincial level effects as defined in the second and third level of the model. Unlike ordinary logistic regression, there are two types of residual terms, and , defined at level 2 and level 3 respectively and assumed to be normally distributed with mean zero and constant variance. Bayesian approach with Markov Chain Monte Carlo (MCMC) was implemented to the parameters of the above model. Further information regarding methods of parameter estimation is given in the appendix.
Results
Descriptive Statistics of Variables
The descriptive statistics of all individual, municipal and province level variables chosen for the analysis including the bivariate odds of infant death are shown in Table 2 . It shows that some of the variables, such as race and education of the mother, living standard, birth order and HIV prevalence contribute to greater odds of death of the infant than others.
Multilevel Model Outputs
The final results of the regression are shown in Table 3 . All parameter estimates were measured on the log-odds (logit) scale. In order to make more specific and meaningful inference about the effect of the risk factors on the infant mortality, the odds ratios (ORs) were given corresponding to each coefficient estimate in the same table. Note that among the independent variables, proportion of poor people, income inequality and mean years of mother's education were measured at municipality level, whereas HIV prevalence rate was computed at province level. All these four variables were dichotomised as higher and lower values of the respective quantities.
All coefficients of the living standard dummy variables are negative and their 95% confidence intervals exclude zero. Compared to infants who were in the first quintile of living standard, those who were in the second to fifth quintiles had 6%, 7%, 14 % and 24% lower odds to die, respectively. Likewise, the income poverty has a positive and significant coefficient, entailing that children living in a household whose members earned a per capita income of less than the South African poverty line were more likely to die than those who were above the poverty line.
Most of the municipal level indicator variables are significant, which implies that the level of poverty, women education and inequality of the municipality affected the survival status of infants. An infant was more likely to die in a highly poor and more unequal municipality compared to municipalities where the levels of poverty and inequality were lower after controlling for other risk factors. Considering the magnitude of the impact, it seems that the income inequality mattered more for infant mortality risk than the size of poverty in that more unequal municipalities were associated with 13% higher odds ratio of infant death than less unequal municipalities, whereas municipalities where poverty was high were only associated with 3.5% higher odds of infant death than those municipalities where poverty was low. Similarly, infants living in municipalities where the average years of education of women was higher had a better likelihood of survival irrespective of the education level of their own mother. They were about 16% less likely to die than infants living in areas where there was less education of mothers. Considering the effect of HIV on mortality of infants, it is apparent that its coefficient is positive and significant. Infants in provinces with high HIV prevalence were 12% more likely to die than infants in other provinces after controlling other factors in the model.
The sex effect is also positive and significant at p<0.001 level. More specifically, boys were 8% more likely to die during their first year of life than girls, all else being equal. Similarly, age of the child significantly affected the mortality of the child in that children who survived the first month after birth were less likely to die than those who were less than one month old by about 7%.
In terms of mother characteristics, the results in Table 3 show that mothers' age at the birth of the child was not statistically significant. All the other independent variables associated with mothers were significant, which include years of education, employment status, birth order, marital status and population group.
In accordance with the literature, the more education a mother gets, the less likely the infant dies. Infant whose mothers completed secondary and higher education were 7% and 17% respectively less likely to die than those children whose mothers had no education or only had primary education. In addition, infants of higher birth orders, infants born to mother who were never married or single mothers, and infant born to mothers from African population group had a greater chance of dying than their counterparts of lower birth order, born to mothers who were not single and born to mothers from nonAfrican population group. Specifically, an infant of the fourth or higher birth orders was associated with 15% higher odds of dying than first born infants, whereas an infant of the third birth order was associated with 8% of higher odds of dying. No difference was found in infants mortality between the second birth order and the first birth order. Similarly, children born to Black women or born to not-married women were associated with 13% and 5% higher odds of dying before age 1 in comparison with children born to non-Black or born to married women.
It is also worthy to see the distribution of the predicted log-odds of infant deaths in the country to see how the multilevel model performs in estimating infant mortality. The predicted log-odds of death of the municipalities and provinces are shown in Figure 1 and 2 below. It can be observed that municipalities such as City of Cape Town, Liansburg, Mossel Bay and Nama Khoi had the lowest level of infant odds of death, while Disobotla, Mamusa, Msukaligwa and Ingwe scored The random effects terms included in the model were also significant. Hence, there was a unique effect for each province (level 3) and for each municipality (level 2) in addition to the fixed effects discussed above. The reported mean values in Table 3 are the average random effect estimates of all provinces and all municipalities. The addition of the municipality specific effects as well as province specific effects made the model more accurate than the fixed only model. Specifically, controlling for the municipal and province level variations had on average increased the odds of death of infants by 1% and 0.5% respectively.
Discussion
In order to study the determinants or associates of infant mortality in South Africa, a multilevel logit model was fitted using data on the survival status of children born twelve months before the census and its risk factors which include several demographic, socioeconomic and environmental variables. The hierarchical nature of the data was taken into account in the process by considering provinces, municipalities and children as third, second and first levels respectivelyhence, fitting a three-level logistic regression model employing the Bayesian MCMC procedure for estimating the parameters of the model. The results obtained from the regression model suggest that child mortality in South Africa is jointly determined by the observed individual demographic and socioeconomic characteristics of the child and the mother, and by municipal and province level covariates, as well as unobserved municipal and province level effects.
Among the demographic factors incorporated in the model, only age of mother at birth is not significant. Specifically, the odds of death for infants of four or more birth order is 15% higher than first born infants, whereas third born infants are 8% more likely to die. It shows that mortality risk is increasing with the addition of successive births, which implies that last-born (fourth and higher order) infants are at significantly greater risk of dying compared with earlier-born children. These findings are highly consistent with the Resource Depletion Hypothesis (Ashiabi and O'Neal, 2007) , according to which, with the addition of successive children in the family, parental resources -both material and emotional -become diminished and consequently last-borns suffer the most. This is particularly true in the post-neonatal period since resource depletion is so heavily influenced by socioeconomic and environmental conditions that come into play in the later phases of infancy (Kembo and Ginneken, 2009) . Similarly, male infants are 8% more likely to die than female, where as each month of life of infants contributes to 7% reduction on the odds of death of the infant. Genetic components result in newborn females being biologically advantaged when it comes to surviving their first birthday. Biologically, males, have lower chances of surviving infancy in comparison to female babies (Boko, 2010; Hill and Upchurch, 1995) . All the socioeconomic variables considered at level-one of the model are significant at p<0.05 levels and are in agreement with the results from other researches (Mosley and Chen, 1984; Hobcraft, 1993; Sastry, 1996; Kabir, Islam et al., 2001 ) as well as our child mortality estimation results presented above. For instance, children of black African mothers have a higher risk of death as compared to other population groups, while those who are from better educated mother have much lower risk of death. As expected, the living standard (LS) index, which is used as a measure of poverty, is highly significant too in that the higher the LS index of the household where the child lives the less likely the risk of dying. Note that because of multicollinearity issue the household income poverty indicator variable is not included in the model-the LS index and income poverty have a strong correlation coefficient of 0.85. Hence, in relation to poverty the result could be interpreted as, for example, children in the least poor and the second least poor household have more than 24% and 14% chance of dying respectively as compared to those living in the poorest households. Children living in municipalities where there is higher level of income poverty and inequality have greater likelihoods of death. Similarly, average years of schooling of women at municipal-level significantly affects child survival positively, whereas higher women HIV prevalence rate of provinces is highly related with higher risk of death of children as one expects. Poverty, inequality and women's education of the municipalities affected the odds of infant death by 8% 13% and -21% respectively, while the impact of province level HIV/AIDS is estimated to be 26. The results of the regression model also indicate small but statistically significant residuals which can convey province-level and municipal-level random effects on the risk of dying, even after controlling for a range of child-level, municipal-level, and province-level variables.
The study examined a comprehensive array of multilevel risk factors for infant mortality in South Africa by giving more attention to provincial and municipal variation. The modelling and estimation strategies utilized are appropriate and supported by large number of observation from the latest available census data. The use of multilevel analysis helped to understand the impact of some community level infant mortality risk factors of infant. Developmental indicators are likely to still vary significantly across the municipalities and also their effects on infant mortality. Hence, for further improvements, there is a need to focus on municipal level planning as well instead of only at the national or province level. Taking into account the findings under the present study, for a data involving hierarchical structure, there is a need to emphasize the use of the possible highest levels in hierarchical models. To further emphasize, such optimal considerations may provide additional important clues to policy planners leading to optimal use of available resources regarding public health programs.
Although the study achieved its objectives, there were some unavoidable limitations. First, our analyses were primarily based on the 2011 South African census data. Therefore, the significance and reliability of the results depends on the quality of the census data which includes the quality of enumeration and data processing. Any defect in the census data might seriously impact the results in the research. Second, the cross-sectional nature of this study design cannot us determine the causal relationship between independent variables and the outcome variable. The use of longitudinal data would have been much better. Third, the assumption that under reports of birth and deaths in the census data are the same. Fourth, the unavailability of municipal level HIV prevalence rates, and hence the assumption that these prevalence rates are the same as the rates at the respective provinces. Ignoring the HIV prevalence variation within provinces might especially impact the results of the regression model to some extent.
Conclusions
The main objective of the research was to investigate infant mortality risk factors with special emphasis on the impact of poverty and inequality. The results from the multilevel logistic regression model suggest that most of the demographic and socioeconomic factors as well as the province and municipal level random effects are significant. The significant predictors at individual-level include birth order and sex of the child, education, employment status, race, and marital status of the mother, and living standard of the family. These factors can bring from -24% to 15% change on the odds of death of infants. The changes in odds of infant death due to municipal and province level effects are estimated to be 12%, -11%, 7%, and 3% respectively for the HIV prevalence women's education, inequality and LS poverty. This implies that communities with better living standard and women education are associated with lower infant mortality rates, while higher income inequality and HIV prevalence in the communities depict higher levels of infant mortality. In addition, unobservable municipal and province level random effects significantly affect the level of infant mortality rates. The study helps to analyze infant mortality in the country by taking the hierarchical nature of the theme into account and to investigate the with-in country variation of infant mortality.
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Appendix
Methods of Parameter Estimation
There are two commonly used estimation methods for multilevel logistic regression models: quasi-likelihood (QL) approach and Bayesian approach with Markov Chain Monte Carlo (MCMC) methods (Goldstein, 2011) . In QL approach, the non-linear logistic regression equation is estimated first using a Taylor series expansion which approximates a nonlinear function by an infinite series of terms (Breslow et al., 1993) . If the Taylor series is expanded about the fixed and the random parameters, then the estimation is known as penalised quasi-likelihood (PQL) (Breslow et al.) . Once the quasi-likelihood has been formed, unbiased estimates of the random parameters can be found by applying either iterative generalised least squares (IGLS) or restricted generalised least square (RGLS) which are estimation procedures in the case of continuous response variables (Goldstein, 2011) . On the other hand, the Bayesian approach using MCMC estimation methods can be used by first specifying starting values prior distributions for each of the model parameters and then sequentially sampling subsets of parameters from their conditional posterior distributions using Markov chain. A discussion and technical details of MCMC estimation methods for multilevel models can be found from in Browne (2003) and Goldstein (2011) The MCMC procedure followed by MLwiN-software dedicated for multilevel modelling and used by this research-by default assigns flat prior distributions to the parameters of the model. That is, for fixed terms and for random terms, where is a very small number. After assigning initial values, usually estimates from QL methods, the MCMC procedure in MLwiN then performs the simulations in two phases. In the initial burn-in period it runs until the chain converges to its stationary distribution; and in the next stage (monitoring period) it runs so that the means and standard errors of the parameters are estimated. The 2.5 th and 97.5 th quantiles of the chains provide Bayesian 95% credible intervals in order to make inferences concerning the estimated parameters, serving the same purpose as 95% confidence intervals. For fitting the aforementioned model, the number of iterations run is 1000 in the burn-in period and 10 000 for the monitoring period.
After running the model, residuals at municipal and province level (estimates of and ) are calculated so that the underlying assumptions, such as normality and constant variance of residuals, be investigated with the help diagnostic plots. Furthermore, as part of model diagnostics, the trace of the chains, autocorrelations (AC) and partial autocorrelations (PAC) functions at iteration t and t-k having accounted for iterations , and Monte Carlo standard errors (MCSE) are investigated for each of the posterior distributions of the parameter in the model. For the model to be good it is expected that the traces be not skewed, the AC and PAC functions be less correlated and the MCSE be close to zero. Increasing the number of iterations produces better results in all these dimensions. A comprehensive detail of parameter estimation and model diagnostics using MCMC simulations methods can be found from MLwiN manual (Rasbash, Charlton, Browne et al., 2012) .
Model Diagnostics
A three-level logistic regression model is fitted on the survival status of children born twelve months before the census. The parameters of the model are estimated using the Bayesian MCMC procedure by running the simulation for 1000 burn-in and 10000 monitoring period. After fitting the model, the reasonableness of the parameter estimates are assessed by looking at some diagnostics plots including the autocorrelation plots of successive iterations of the chains and Monte Carlo standard error plots for checking convergence of the posterior distributions. These are done for each of the fixed and random terms in the model. Some of these plots are given in the annex from 
